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Abstract
New technological developments such as Big Data
or, the Internet of Things lead to exponentially
increasing amounts of data created and stored by
organizations. As a consequence, new data-driven
business models (DDBMs) appear. These business
models have special characteristics which need to be
included in the business model development process.
Thus, different methods and tools have emerged to
support the development of DDBMs. One of these is
the Data Insight Generator (DIG) which seeks to
combine the key resource and value proposition of a
DDBM. This paper comprises the application of the
thinking-aloud method for a formative evaluation of
the DIG. The contribution of this paper is twofold.
First, the usability of the DIG is tested and
implications for further development are derived.
Second, the paper provides empirically-based insights
into development of DDBM that facilitate the future
development of such business models.

1. Introduction
The strategic importance of information
technologies is growing, which inspires more and more
business innovations [1]. Organizations have
increasingly turned from product-based offerings to
service-oriented value propositions [2]. Such serviceoriented business models often rely on data-driven
services [3] as organizational data sets are growing
exponentially. The effective use of data is thus
becoming a key factor for the survival of businesses
[4]. Data and its analysis can generate new knowledge
which could be served as a new value proposition for
the customer [5]. Further, relationships with customers
could be optimized with the analysis of data [1]. As a
result, emerging data sets have influenced the
improvement of efficiency in organizations [6].
As the design of a data-driven business models
(DDBM) is not trivial, a business model representation
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can be used as a strategic tool to design such a business
model [7]. In general, there is no lack of artifacts for
the development and representation of business
models. Many of these are designed within the field of
research from which they originate [8]. As a result,
there are a number of specialized artifacts in the
research field.
The field of DDBM is relatively new [9]. There are
specific characteristics of data-driven business models
and the resulting design principles for their
representation [10, 11]. As a consequence, some
specific representations for DDBM, like Data Canvas
[12] and a canvas for data-driven ideation workshops
[13] were developed. As the connection between data
and value proposition in a DDBM plays an important
role [14], we focus on this connection. The Data
Insight Generator (DIG) [14] seeks for an illustration
between these two components, key resources and
value proposition [15], of a DDBM. This paper reports
on the formative evaluation of this specific
representation of DDBM.
Our formative evaluation of the DIG is based on
the thinking-aloud method [16]. The evaluation is part
of an iterative evaluation of the Design Science
Research Process, in order to observe areas of
improvement and enhancement during the artifact
development phase [17]. As evaluation studies are
relatively rare in DDBM research, our evaluation also
creates general research interest in business model
design. However, most business model representations
are evaluated by illustrating a use case [18-20], but
some exceptions exist. For example, the business
model representation Resource Even Agent [21] was
evaluated with an experiment of more than 100
business administration and information systems
students [22]. Further, Zolnowski and Böhmann [23]
also evaluated their business model representation
Service Business Model Canvas with the thinkingaloud method [16]. Hence, this paper answers the
following research question:
RQ: “Can the Data Insight Generator provide
support for developing, understanding, and analyzing
DDBM?”
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2. Theoretical Foundations
2.1. Data-Driven Business Models (DDBM)
The term business model has multiple definitions
and bases for understanding [24, 25]. However, there
are some common characteristics among these
definitions. One key element of a business model is the
value creation for the customer [26] and key
components are business activities and inputs [24].
Resulting from these different definitions of a business
model, a number of varying representations exist [18,
25, 27]. For example, some common meta models are
Business Model Canvas [15] based on the Business
Model Ontology [19], and e3-value [20], which contain
different characteristics of a business model. The
Business Model Canvas (BMC) is one prominent
strategic management template [28]. It has nine
building blocks that include value proposition,
customers, finances and infrastructure [27]. The e3value shows an inter-organizational network of
different actors which create, distribute and consume
value together [20]. However, it is recommended that
business model representations should be inspected in
detail and validated. Also, further development of such
representations is necessary [29].
As the BMC is one of most frequently used
strategic management templates [28], extensions of it
have been proposed over the last several years. One
example is the Service Business Model Canvas
(SBMC) [30] which illustrates a service-based business
model [31]. There are different options to extend the
BMC: (1) divide existing canvas fields; (2) modify
canvas field content; (3) change the position of the
fields; (4) add new fields and (5) link elements in the
fields [32]. Further, a two-layered model could be
integrated into a canvas field which consists of higherand lower-level elements [33].
Based on the service-oriented paradigm [34], new
services appear in science as well as in praxis; these
are called “Data-as-a-Service” or “Analytics-as-aService” [8, 24, 35]. DDBMs form a further
development of these business models. Data sets are
the key resource of DDBM [24]. However, there is no
defined data threshold when comparing traditional
business models with DDBMs [36]. Implementing data
as a focus in the business model can have effects on
value proposition, value creation and value capturing
[36]. Thus, the transformation from a product-based
business model to a service-orientated offering can be
influenced by data-driven innovations [37, 38]. All in
all, there are few guidelines in practice as well as in
literature which can be used for development of a

business model applying resource data in an effective
way [39].
There are some artifacts which cover parts of a
DDBM. With the Data Canvas, an organization can
organize their data into four different canvas fields.
These are differentiated by the source of data (internal
or external) and the tonus of the data [12]. This artifact
is only affecting the canvas field key resources of the
BMC. The canvas for data-driven ideation workshops
[13] integrates the design thinking method [40] into the
development of a data-driven innovation. This canvas
aims at developing new user-centric, data-driven ideas
and is not intended to cover the generation of a full
business model. There are two further artifacts which
support the development of a single element of a
DDBM. The first is a key activities tool which is
focused on all the important key activities in a DDBM
[41]. The second is a model which supports the cost
benefit analysis of a DDBM [42]. Thus, this model is
focused on the financial part of the analysis. As this
paper addresses on the business model of data-driven
innovations, we chose to analyze the Data Insight
Generator (DIG) [14]. As described in the following
section, a key challenge during the development of
DDBMs is to make the use and value of data resources
clear and transparent to all stakeholders. As a
consequence, the artifact is directed at the key
resources and value proposition of the business model
and should be used as an addition to the BMC for
DDBM. The DIG is introduced in the next section in
more detail.

2.2. Data Insight Generator (DIG)
The artifact Data Insight Generator is introduced as
a boundary object which supports communication
between different stakeholder as a visualization tool
[43]. The artifact was developed based on semistructured interviews and a literature review [14]. As
identified, one of the main problem [44] with DDBM
is that the purpose of the data use should be clear to all
stakeholders [14]. The BMC does not explain this
connection. Due to this, the DIG was developed as an
extension of the BMC which can be used in addition to
the BMC. The DIG connects the key resource data
with the value proposition in order to make the purpose
of the data usage clear [14]. The DIG can be used as a
working tool between data scientists and specialized
business departments and could further be used to
present an idea to different stakeholders. Users can
work with the DIG in their organization if they have an
initial idea of a new DDBM [14].
Figure 1 shows the DIG that consists of vertical and
horizontal elements. The DIG should be used in a
workshop setting to work on one idea and
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communicate it afterward to additional stakeholders
[14].
As the DIG is an iterative tool, the horizontal lines
reflect this intention. The three lines Think, Validate
and Know should be used during an iterative process.
First, workshop participants gather everything on
sticky-notes [44] in the Think row. Afterward, they
sort these ideas into Validate or Know lines. If they are
unsure about one fact, they use the Validate row and
take a to-do list with them on how to validate that fact
before the next iteration cycle. If everything is clear
and participants are sure about this fact, it will be
placed into the Know line. After a number of iteration
cycles, participants should be able to sort everything
into the Know row to show the idea could work in a
business model context [14].
The horizontal lines should link the key resource
data and the value proposition of a DDBM. It is
possible to start on both sides of the DIG. (1)
Participants can start with the data and try to find a
new value proposition with the DIG. (2) Participants
can start with a more problem-centric view and work to
find a value proposition for a specific problem of the

customer first. In this case, they would be using the
DIG from right to left and end with the data which they
need for their value proposition. The columns between
Data and Value proposition should link these two [14].
As data sets are the main resource of a DDBM [36],
the field data display all relevant information. At the
beginning of the workshops, participants could collect
several data sources. If some are not needed at the end
of the process, they could be withdrawn. The second
column is about the data quality which contains
confidentiality, integrity and availability [45]. The
third column concentrates on the combination of data
and the type of needed infrastructure for combining it.
With the fourth column, Analytics, tools and methods
are stated which can analyze the data [46]. The result
of these analytics is displayed in the fifth column
(Insight). This shows which new information could be
generated out of the data. Finally, the Value column
displays the value proposition for the customer. The
value proposition is based on the new insight the
organization is creating with their analytics activities
[14].

Figure 1: Data Insight Generator Version 1 [14]

3. Methodology
We used the Design Science Research
Methodology (DSRM) [47] for this project. It is part
of one evaluation cycle, which first evaluates an

existing artifact, the DIG. Based on the evaluation
results, we went back to the first phases of DSRM
and redesigned the artifact. The improved version of
the DIG may be found in section 4.3. The next
section explains our research method in detail.

Page 429

3.1. Thinking-Aloud Method
As business model representations are boundary
objects [43], they offer an illustration - graphical or
textual – and improve the practical work with regard
to business models. To ensure this, a business model
representation needs to consist of easily
understandable constructs and structural elements. As
the DIG is such a tool, we chose to facilitate the
development of DDBM by exploring how people in
an organization understand and use the DIG. In order
to do so, we used the thinking-aloud method which is
an empirical evaluation for design methods [48].
The thinking-aloud method involves analysis of
how the user considers the application of an artifact
[49]. As it is based on the area of cognitive
psychology, it is used widely in research to analyze
human behavior. Also in the information systems
field, this method is used for usability testing [50].
However, the method could be proceeded by
different goals related to diverse research areas. For
example, this could focus on humans’ cognitive
processes, on the one hand. On the other hand, the
usability of a system which is under development
could be tested as well. Normally, the thinking-aloud
method is used in an advanced stage of the
development process for usability testing [51].
The thinking-aloud method is closely linked to
interviewees’ cognitive processes without influencing
those processes. It is a verbal report from the
interviewee who is asked to articulate thoughts
regarding using the artifact. In doing so, there are
some rules which need to be followed in order to
preserve high reliability of this method. For this
study, we first collected only hard verbal data. These
related each activity the interviewee attended. Data
relating to topics such as inference, introspection and
opinion were not included. Second, we provided
detailed instructions before implementing use of the
thinking-aloud method. We did so because it was
necessary for the interviewee to be able to talk
fluently without interruption. Third, we reminded the
participants to keep talking if they held a pause than
20 seconds during the thinking-aloud test. Fourth, we
did not intervene with the user by giving help or
anything else. In doing so, we only reminded them to
talk sometimes and did not interact in any way with
the participants [49, 50].

3.2. Participants
This project involved 12 participants from
research as well as practice. An overview about the
participants is shown in Table 1. As 10 +/- 2
participants [51] are necessary to detect 80% of

usability problems overall, we chose this number of
participants. We decided to recruit a mix from
practice and research. Seven thinking-aloud protocols
were conducted with experts from practice and five
tests were conducted with researchers from different
fields. In order to detect as many usability problems
as possible, we conducted interviews with
participants from various industries such as logistics,
finance and the aircraft industry. All industry
participants are considered experts in the field of
DDBM. As they are from separate industries and
have different roles in their organizations, they
provided varying perspectives on the thinking-aloud
protocols. The participants from other industries,
including academia, were not familiar with the DIG
at all. In doing so, we were careful not to taint the
thinking-aloud protocols.
Table 1: Overview of Participants
Number of
Participants
1
1
1
1
1
1
1
5

Industry

Role

Finance
Insurance
Technology
Consulting
E-commerce
Aircraft
Logistics
University

Head of data analytics
CIO assistant
Product owner
Consultant
Agile coach
Head of digital products
Demand manager
Researchers

3.3. Research Design
To ensure the results were comparable with each
other, we established a standardized setting for each
thinking-aloud test. All sessions were conducted in a
separate room so that participants would not be
disturbed. Further, we monitored each session and
reminded participants to keep talking. As we
standardized the process, we began with a recorded
audio sequence which contained an explanation of
the DIG, the rules of the thinking-aloud test, and a
reminder to keep talking. Before the audio was
played, the participants received two sheets of paper.
The first one contained the DIG as shown in Figure 1.
The second sheet contained a use case description
and the tasks of the thinking-aloud test.
After the audio was played, the participants
started to read the use case. Afterward, they started to
execute the thinking-aloud test by answering the
questions mentioned on the second sheet of paper
they received. As recommended by the literature, we
used a neutral encouraging sound to remind the
participants to keep talking, if they stopped talking
for more than 20 seconds [50]. We recorded each
thinking-aloud test with an audio recorder.
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We choose a use case which was identifiable for
each participant as all of them have different
backgrounds. The use case was about a new datadriven service that promised a less stressful start to
the day for a customer whose car has an ice layer on
the windshield. The service is combined with an
alarm sent to the customer’s phone which should
wake the customer up five minutes earlier if there is
an ice layer on the car. The use case gives more
information as background. First, the basic data are
provided by a temperature sensor in the car. Second,
the interface which transfers the data to the
customers’ mobile phone is a Bluetooth interface.
The text gives also the hint that this interface could
be not reliable if the phone and the car are too far
away from each other. Third, there is an application
for the mobile phone available which was developed
by an external organization.
In addition to the thinking-aloud method, we
added a short semi-structured interview part [52] in
which we asked general feedback questions about the
DIG. The questions were raised depending on what
the interviewee stated before. Thus, we could receive
more information from the interviewees than in a
structured interview. In all, we integrated at least four
questions in the interview. First, we asked the
participants if they would use the DIG in their
organization. Second, we asked for feedback about
unclear points or questions about the DIG. Third, the
interviewees were asked to state if they would see the
DIG as a communication tool (boundary object)
between different stakeholder groups. Fourth, the
interviewees were asked to mention the target
audience of the DIG.

3.4. Instructions
In order to perform a formative evaluation of the
DIG, we formulated seven tasks. All of these tasks
represented problem-solving activities which are
generally used for the thinking-aloud method [49,
53]. We designed two kinds of tasks which were
differentiated by complexity [54]. The first four tasks
had a lower complexity than the last ones. The
participants had to conduct tasks which integrated the
use case in the DIG. Thus, these tasks reflected their
understanding of the use case and the overall DIG.
Second, the last tasks were more complex because
the participants needed to change something in the
DIG. This showed, the degree of detail to which
participants understood the DIG. In doing so, we
aimed to evaluate adaptation of the DIG.
Participants were asked the following:
1.) Please use the DIG to classify the data
sources.

2.) Could you use the DIG to evaluate the data
quality?
3.) How can you visualize the mentioned data
combinations and interfaces?
4.) Please fill out the canvas fields Analytics,
Insight and Value fields for the example.
5.) What is the difference between the Insight and
Value field?
6.) What would change in the DIG if there was a
sensor in the windshield that could detect an ice
layer?
7.) What would change in the DIG if you could
use a WLAN interface from the car?

3.5. Data Analysis
After execution of each design-thinking test, we
transcribed each one in a thinking-aloud protocol.
Based on these transcripts, we analyzed the
understanding, use, and navigation of the DIG. The
aim of doing so was to understand and analyze
utilization of the DIG and detect usability problems
during DIG’s application.
As we focused on these aims, we differentiated
between problem types. According to the literature,
five different problem types can be differentiated
during a thinking-aloud test [55]. Thus, these
problem types could be layout problems, data entry
problems, feedback problems, terminology problems,
and comprehensiveness problems. As the DIG is not
an information technology artifact that gives direct
feedback to the user, we excluded the feedback
problems from our analysis.
Layout problems occur if a participant cannot find
an element of the DIG within it. Terminology
problems occur if some terms are not understood
correctly and the participant uses them in another
context. Question five especially focuses on these
problems. Data entry problems appear if the
participant does not know where to put data elements
in the representation. Comprehensiveness problems
point out that there is some missing information
which is relevant to using the DIG in the right way
[55].
In addition, we measured the time which was
needed to perform the tasks in order to evaluate
performance. Further, we considered whether
participants were able to complete the tasks properly.
The results of our thinking-aloud tests are described
in the next section.

4. Results
4.1. Task Performance
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The average duration of the thinking-aloud tests
was 8 minutes and 48 seconds. The longest session
took 13 minutes and 55 seconds, and the shortest
took 4 minutes and 58 seconds. The large difference
between some interviews could be explained because
some of the interviewees added additional ideas
which were not given in the text. There was no
difference between practitioners and researchers
regarding the needed time and the detected problems.
We only could recognize that participants without
knowledge in DDBM took less time because they did
not find any other ideas and only passed the tasks as
requested, which supported that the tool should be
used in a workshop setting which contains both a data
scientist and participants with a deep knowledge of
the business.
Table 2 shows an overview about the duration of
the tasks and whether they were completed
successfully.
Table 2: Task performance
Task

1

Number of
participants
who completed
the task
properly
12

2

11

3

8

4

8

5
6

11
12

7

10

Sum

Mean

Median

Standard
deviation

1 min 8
sec
58 sec

1 min 3
sec
1 min 3
sec
1 min 6
sec
2 min 15
sec
50 sec
55 sec

45 sec

50 sec

56 sec

8 min 43
sec

2 min 46
sec

1 min
11 sec
2 min
28 sec
57 sec
1 min 1
sec
1 min 9
sec
8 min
48 sec

34 sec
32 sec
57 sec
36 sec
28 sec

As shown in the Table, most participants were
able to complete the tasks properly during the
application of the DIG. The result was satisfactory as
most participants could complete the tasks properly.
Question 5 was overseen by one participant; that is
why only 11 participants could complete this task.
Three participants, however, correctly explained the
difference between the Insight and Value; they did
not use it as expected with the use case. Further,
problems appeared with the combination and pipes
field due to some participants forgetting the
combination or pipes.
The derivation of how long it took the participants
to answer a question is different. Some interviewees
go through the process rather quickly; some took a
little bit longer. The ones who took longer did not

have problems with the DIG itself. They went deeper
into the example and found some elements which
were not mentioned in the use case. For example,
some participants found new data sources like
weather data which is available online; others found
new business model ideas which are related to the use
case, like the use of a heat map for parking or a
service which gives customers a reminder to put
some protection on their windshield if there is a high
chance of an ice layer forming overnight. Two
participants a step further. They realized that the
integration of new sensors would be more expensive
than integrating more external data sources into the
business model.

4.2. Detected Problems
In this section, we will introduce problems which
occurred during the think-aloud test. As mentioned
before, they will be differentiated among the
categories of layout, terminology, data entry, and
comprehensiveness problems.
In summary, we identified seven participants who
had no problems solving all tasks properly. One
participant was not able to answer the question about
data quality because of individual problems with the
use case example. Of the participants, 33.33%, had
problems with field Combination and pipes. Mainly,
they did not realize this problem, but they used the
field only for one aspect. One part of them only
entered the combination of data sets; the other half
only noted the infrastructure. One participant realized
that he forgot Combinations at the end of the test.
Another 33.33% of the participants had problems
with the Analytics field. These problems occurred
due to the fact that the use case does not gave any
examples for analytics tools. Thus, some only used
the given information in the use case. One participant
who had problems with the Analytics field stated, “If
I should fill out that for our department, I would
know which tools and methods I would use in this
case.” As a result, the problem was issued by the
example and not by using the DIG itself.
Furthermore, these participants did not use the
Insight field as it was intended. They used it as an
internal perspective. In doing so, they noted some
evaluation points in this field. Thus, they interpreted
the Insight field as an insight about whether the
business model was working. In contrast, all of them
answered question five correctly. Thus, they
understood this field in theory but did not apply it as
intended. One participant forgot to read question five,
which is why only 11 participants passed that without
a problem. Two participants could not answer the last
question. These problems occurred because they did
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not use the Combination and pipes line for the
infrastructure part.
We detected layout problems mainly in the first
tasks of our thinking-aloud test. As some of the
participants forgot the combination or infrastructure
side in the field Combination and pipes, we identified
that there is a layout problem. Due to having two
different aspects in one field, one of them was
overlooked.
We also detected terminology problems in the
canvas fields Insights and Value. The insight was
seen in some cases as an internal perspective. From
this perspective, participants used the field for a
validation of the business model. Thus, they noted
that the business model would not work due to data
quality issues. In contrast, they were able to explain
the Insight field as it was intended. One could argue
that these problems occurred due to the given
example which had data quality problems but
recognizing that such data problems could also
happen in a real-world situation. Thus, this problem
could be solved with a clearer description in the
canvas field. We additionally detected small
problems with the Value field, wherein the

participants needed to read the description and
question carefully. The headline was too broad for
quickly understanding this canvas field.
Some participants had problems entering the
Bluetooth interface; this can be identified as a data
entry problem. This problem is deeply linked with the
layout problem of the canvas field Combination and
pipes. The participants who did not recognize the
Bluetooth interface already used the field
Combination and pipes for the combination of given
data sets.
We cannot indicate comprehensiveness problems
in our thinking-aloud protocols. Thus, we cannot find
any missing elements in the DIG. However, more
elements would increase the complexity of the DIG
which would make the application harder.

4.3. Improved Data Insight Generator
As stated in the last section, we identified two
main problems, and one small one in the DIG.

Figure 2: Data Insight Generator Version 2

First, we identified the layout problem with the
combination and pipes. Some participants used this
canvas field only for one, combination or pipes. As a

result, we decided to split these fields. We decided to
place the combination field after the data quality field
and the pipes after that. We did this for two reasons.
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First, the combination is more related to the data and
data quality fields on the left side of the canvas.
Second, the participants, who solved the question
about combination and pipes properly, started with
combination and went to the interfaces after they
combined the data.
Second, we decided to reframe the question in the
insight field to make the intention clearer. Further,
the question is now more open than in the first
version of the DIG. We also changed the headline in
the right canvas field from Value to Value
Proposition in order to improve the understanding of
this field and make it more consistent

5. Discussion
Our formative evaluation with the thinking-aloud
protocols allowed us to use the information and
develop an improved version of our artifact. Further,
the interviews after the thinking-aloud test offered the
opportunity to receive more feedback and useful
information about the DIG.
All participants would use the DIG in their
organization. This positive feedback gave us the
insight that the DIG has practical contributions for
practitioners. Thus, we can support practitioners in
developing new data-driven business models in their
organization. Further, the practitioners emphasized
that they like the two possible ways through the DIG,
one starting on the data side and one starting on the
value proposition side.
As we already realized in the thinking-aloud
protocols, four participants stated that the difference
between combination and pipes was unclear to them.
We fixed this issue dividing this canvas field into two
different ones. Aside from that issue, the DIG was
clear to all participants. Only one participant stated
the improvement to add a data availability field into
the canvas. However, data availability was integrated
into the data field itself. Further, two participants
underlined that the lines (Think, Validate and Know)
are very useful and improve the application of the
DIG. Moreover, participants emphasized that the
differentiation between analytics, insights and value
proposition improved their structured thinking
because these three constructs are mixed with each
other most of the times.
Mostly all participants saw the DIG as a
communication tool between different stakeholders.
Only one stated that he or she would use only the last
two fields (Insight and Value Proposition) as a
communication interface to other non-data scientist
stakeholders. However, the different perspectives
improved the understanding of how the value is

created, e.g. stakeholder with different backgrounds
could understand what additional data were needed or
why the used data are needed. As such stakeholders
can have different backgrounds, we also asked the
participants about the target audience of the DIG.
Mainly, they stated interdisciplinary groups as the
target audience. Some also mentioned nonexperienced data scientists, information technology
departments, information systems departments,
business development professionals, product
managers, product owners and requirements
engineers as members of the target audience.

6. Conclusion
We conducted a formative evaluation of the DIG
in this study. To do so, we adapted a thinking-aloud
test [49]. We used this method because it originated
in the area of cognitive psychology which is widely
applied in usability testing. As the DIG is a boundary
object which should apply a common understanding
with different stakeholders, the thinking-aloud
method matches as an analysis of human behavior.
Based on our results of the thinking-aloud test, we
improved the artifact of the DIG and deepened the
knowledge of DDBM.
Our research provides these contributions. First,
we indicate that a formative evaluation, such as a
thinking-aloud test, can be used to evaluate boundary
objects of business model representations. As the
most business model evaluations use summative
evaluation methods, we show that thinking-aloud
tests could be also used for evaluation of boundary
objects. Thus, we support the work of Zolnowski and
Böhmann [23] who also performed a formative
evaluation for a business model representation.
Second, we deepen the knowledge about DDBMs by
improving the constructs of the DIG. As we separated
the canvas field Contribution and pipes, our research
also emphasized that a canvas field in a boundary
object should consist of only one construct. Third, we
have shown the practical contribution of our research
as the interviews stated that the DIG is a useful
artifact and participants would apply the DIG in their
organization.
However, our study has some limitations. First,
we did not use a real-world use case. Thus, we did
not choose a use case which was located in one of the
participants’ organizations. However, our chosen
example was tangible for everyone, and they could
project their thoughts onto the example. We chose a
general example because of the different
backgrounds of participants. Second, our study was
short-term and formative. Nevertheless, our findings
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show that this kind of study yields new knowledge.
However, we recommend adding a long-term and
summative evaluation adapting the DIG as future
research. Such a study could be done in a real-world
situation and could yield improvement issues that did
not appear in our study, yet.
In general, we show that boundary objects are a
helpful construct for designing business models. As
described in this study, it makes sense to integrate
only one construct into one canvas field. As we did
not find such design principles for boundary objects
in the context of business model representations yet,
we suggest a meta-study to explore such design
principles for future research. Primary research about
business modelling languages points researchers in
the right direction [28, 44]. Thus, we suggest adding
the perspective of boundary objects to this research
and defining design principles for designing a
business model representation as a boundary object.
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